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Overview	
  of	
  the	
  MulE-­‐Radar	
  MulE-­‐Sensor	
  (MRMS)	
  
System	
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Domain:	
  	
  20-­‐55°N,	
  130-­‐60°W	
  

ResoluEon:	
  0.01°,	
  2	
  min	
  update	
  cycle	
  

Data	
  Sources:	
  
~180	
  polarimetric	
  radars	
  every	
  4-­‐5min	
  
~9000	
  gauges	
  every	
  hour	
  
-­‐	
  RAP	
  model	
  hourly	
  3D	
  analyses	
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A	
  reference	
  is	
  derived	
  from	
  MulE-­‐Radar	
  MulE-­‐Sensor	
  
quality	
  controls	
  

#1:	
  prerequisites: 	
  -­‐	
  refine	
  reference	
  precipitaEon	
  as	
  much	
  as	
  possible	
  
	
   	
   	
  -­‐	
  adapt	
  (upscale)	
  to	
  the	
  resoluEon	
  of	
  the	
  satellite	
  	
  

Q3 grid (~1km resolution) 

satellite footprint  
(DPR: ~5km resolution) 

quality	
  controls	
  (e.g.	
  RQI)	
  
gauge-­‐based	
  bias	
  adjustment	
  

Output:	
  	
  -­‐	
  improved	
  data	
  quality	
  steps	
  ó	
  increased	
  consistency	
  between	
  space	
  	
  	
  	
  
	
  	
  	
  	
  and	
  reference	
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A	
  reference	
  is	
  derived	
  from	
  MulE-­‐Radar	
  MulE-­‐Sensor	
  
PrecipitaEon	
  features	
  

Consistent	
  analyze:	
  detecEon,	
  classificaEon,	
  quanEficaEon	
  
	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  ó	
  sub-­‐pixel	
  intermiVency,	
  typology,	
  variability,	
  averaged	
  rate	
  

convecEve	
  percent	
  index	
  

rainy	
  fracEon	
  

%	
   RelaEve	
  Non	
  Uniform	
  Beam	
  Filling	
  	
  

precipitaEon	
  rate	
  %	
  

•  DetecEon	
  abiliEes	
  of	
  acEve	
  /	
  passive	
  sensors	
  
•  PrecipitaEon	
  typing,	
  Z-­‐R	
  relaEonships,	
  convecEve	
  rainfall	
  (passive)	
  
•  First	
  and	
  second	
  order	
  quanEtaEve	
  discrepancies,	
  condiEoned	
  on	
  factors	
  
•  Non	
  Uniform	
  Beam	
  Filling	
  for	
  acEve	
  and	
  passive	
  sensors	
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PrecipitaEon	
  physics	
  driven	
  analysis	
  
DiagnosEc:	
  biases	
  &	
  uncertainty	
  =	
  f	
  (reference)	
  

Previous	
  analyses:	
  
	
  
•  comparisons	
  of	
  rainfall	
  detectability	
  &	
  distribuEons	
  
•  separaEon	
  of	
  systemaEc	
  biases	
  and	
  random	
  errors	
  	
  
•  spaEal	
  representaEveness	
  of	
  error	
  
•  regional	
  precipitaEon	
  biases	
  	
  
•  comparison	
  between	
  satellite	
  products	
  	
  
•  assessing	
  the	
  influence	
  of	
  surface	
  types	
  &	
  precipitaEon	
  properEes	
  
•  bridge	
  in-­‐depth	
  error	
  characterizaEon	
  across	
  constellaEon	
  sensors	
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PrecipitaEon	
  magnitude	
  and	
  surface	
  impact	
  on	
  PMW	
  retrieval	
  bias	
  
GPM-­‐GMI TRMM-­‐TMI 

•  Surface	
  type	
  has	
  an	
  impact	
  that	
  varies	
  with	
  rain	
  intensity	
  
•  GMI	
  improves	
  on	
  TMI	
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  driven	
  analysis	
  
DiagnosEc:	
  biases	
  &	
  uncertainty	
  =	
  f	
  (reference)	
  

Non-­‐Uniform	
  Beam	
  Filling	
  impacts	
  on	
  radar	
  quanEficaEon	
  
TRMM	
  PR	
  reference	
  rain	
  rate	
  [mm.h-­‐1]	
   TRMM	
  PR	
  rain	
  rate	
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GPM	
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  rain	
  rate	
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Reference	
  convecEve	
  volume	
  contribuEon	
  [%]	
  

•  Degree	
   o f	
   va r i ab i l i t y	
  
(somewhat)	
   related	
   to	
  
convecUon	
  

•  Consistent	
   discrepancies	
  
between	
  TRMM-­‐PR	
  &	
  GPM-­‐
DPR	
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TRMM-­‐PR	
  

GPM-­‐DPR/MS	
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Reference	
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  incidence	
  angle,	
  Z-­‐R,	
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•  what	
  is	
  the	
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  content	
  to	
  converge	
  to	
  the	
  reference?	
  
•  build	
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•  Z-­‐R	
  relaUonships	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
•  NUBF	
  correcUon	
  factor	
  

	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  X	
  8 	
   	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  X	
  4 	
   	
  	
  	
  	
  	
  	
  	
  	
  X	
  400 	
  
	
   	
  	
  

brightband straEform convecEve 



Reference	
  QPE	
  	
  <=	
  ?	
  =>	
  	
  f(reflecEvity,	
  incidence	
  angle,	
  Z-­‐R,	
  NUBF)	
  	
  
	
  
CondiEons:	
  straEform	
  

IdenEficaEon	
  of	
  significant	
  2A25	
  factors:	
  
	
   	
  ✓reflecEvity	
  
	
   	
  ✓	
  incidence	
  angle	
  
	
   	
  ✓	
  NUBF	
  factor	
  

Bias	
  (%)	
  	
   CorrelaEon	
  

2A25	
   -­‐26	
  %	
   0.56	
  

PrognosEc	
  
model	
  

-­‐0.4	
  %	
   0.66	
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  &	
  uncertainty	
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  f	
  (satellite)	
  



1.   Reference	
  from	
  MulE-­‐Radar	
  MulE-­‐Sensor	
  
•  PrecipitaEon	
  features	
  

2.   DiagnosEc	
  analysis	
  	
  
•  biases	
  and	
  uncertainty	
  =	
  f	
  (reference	
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Summary	
  

1.	
  Direct	
  staEsEcal	
  validaEon	
  at	
  the	
  surface	
  
�  	
  	
  	
  	
  	
  provides	
  overall	
  picture	
  

2.	
  Reference	
  precipitaEon	
  physics	
  driven	
  analysis	
  	
  
�  	
  	
  	
  ancillary	
  informaEon	
  on	
  the	
  precipitaEon	
  column	
  ó	
  satellite	
  retrieval	
  	
  	
  
algorithm	
  performances	
  under	
  a	
  variety	
  of	
  environmental	
  condiEons	
  

	
  	
  	
  	
  à	
  acUve:	
  GPM-­‐DPR	
  improves	
  relaUve	
  to	
  TRMM-­‐PR	
  
	
  	
  	
  	
  à	
  passive:	
  GPM-­‐GMI	
  be[er	
  than	
  TRMM-­‐TMI	
  

3.	
  Algorithm	
  driven	
  analysis	
  
�  satellite	
  retrieval	
  algorithm	
  performances	
  under	
  a	
  variety	
  of	
  algorithm	
  
condiEons	
  

�  prognosEc	
  model	
  for	
  TRMM-­‐PR	
  	
  



PerspecEves	
  
1.   DiagnosEc/PrognosEc	
  approach	
  to	
  other	
  algorithms	
  	
  

•  Passive	
  retrievals	
  (GPROF)	
  
•  Combined	
  algorithm	
  

2.   PropagaEon	
  to	
  the	
  Level-­‐3	
  products	
  
	
  

Comparing	
  GPM	
  with	
  MRMS:	
  	
  
toward	
  bridging	
  the	
  Core	
  and	
  ConstellaEon	
  Sensors	
  

Satellite L2 
-  orbital 
-  instantaneous 

Reference L2 
-  1km / 2min 

Satellite L3 
-  gridded 
-  30-min 

Reference L3 
-  1km / 30min 

comparison 

comparison 

scale	
  	
  	
  impact 
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  and	
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  products	
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GPM-­‐DPR/NS 

TRMM-­‐PR 

Non-­‐Uniform	
  Beam	
  Filling	
  
impacts	
  on	
  radar	
  detecEon	
  

Non-­‐Uniform	
  Beam	
  Filling	
  
impacts	
  on	
  radar	
  quanEficaEon	
  

Mean	
  reference	
  rain	
  rate	
  [mm.h-­‐1]	
  

Mean	
  PR	
  rain	
  rate	
  [mm.h-­‐1]	
  


